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Abstract: Automated customer support technologies based on large-scale language models (LLMs) suffer from three classic failure
modes: false creation of non-existing policies, inconsistent answers to the same questions, and misleading interpretations of user
intentions due to confusing, joking, or vague inquiries. Large-scale language model (LLM)-based automated customer support
technologies fail due to false policy creation, inconsistent answers to the same questions, and misleading interpretations of user
intentions due to confusing, joking, or vague enquiries. Instant-Guided Retrieval-Augmented Generation with LoRA-based Intent
Routing, a novel customer assistance system with intent-based retrieval, was successfully created. The Baseline pre-trained Llama-
3-8B-Instruct model with no external grounding, a Naive Retrieval-Augmented Generation pipeline (Solution V1) that embeds
SOP passages with sentence-transformers/all-MiniLM-L6-v2, indexes them in ChromaDB, and augments the prompt with the top-
retrieved passage at inference time, and a Hybrid, The same externally held test partition was striated and an adversarial partition
was screened for hedging and frustration language to evaluate all three procedures. Evaluations used ROUGE-1, ROUGE-L, BLEU,
Format adherence rate, exact match, and fuzzy match accuracy. Based on 50 samples, retrieval increased ROUGE-1 from 0.2116
to 0.277, a 31.4% increase over the ungrounded benchmark, and BLEU from 0.0030 to 0.0328, an almost tenfold gain. With a fine-
tuned intent router added to retrieval, ROUGE-1 would rise 3.9% to 0.2887 and BLEU to 0.0478 (+45.4% over V1). For the entire
and adversarial sets, the intent router adheres to JSON Format 100% with 25-36% exact match and 42-46% fuzzy match accuracy.
Keywords: Retrieval-Augmented Generation (RAG); Large Language Models (LLMs); Intent Routing; Low-Rank Adaptation
(LoRA); Dense Retrieval

1. Introduction

Conversational artificial intelligence is one of the applications most frequently used for commercial purposes,
and customer support is one of the main functions this technology fulfills. The reason for the high importance of the
implementation of sophisticated solutions in the field of customer support is that companies are required to process
significant amounts of repetitive requests regarding refunds, delayed shipments, resetting passwords, disputes about
bills, access to accounts, and technical malfunctions and, therefore, there is a definite need to automate basic levels of
support by incorporating systems based on large language models (LLMs). The implementation of the LLMs is of
particular interest because of their ability to come up with meaningful responses taking into consideration context
without challenging training for the task at hand. However, the knowledge provided by LLMs is mainly parametric,
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which means that such knowledge is implicit. Such knowledge does not mean that it is in accordance with the
organizational policies and that it is constantly current. When it comes to customer support, there are certain
disadvantages associated with such a limitation, such as inaccurate refund period, an eligibility condition that is not
true, inaccurate escalation or a query that is sent to a wrong workflow.

Retrieval-Augmented Generation or RAG is a technique that has come forth as one of the ways of overcoming
the shortcomings of pure parametric generation. In contrast to the previous techniques that worked only with the
capabilities of a trained model, RAG incorporates elements of retrieval of information from an external knowledge
source and making it available to the language model in the course of generating an answer (Lewis et al., 2020). The
first RAG model was able to show the great potential of the combination of parametric generation capabilities and
non-parametric external knowledge in terms of knowledge-heavy generation tasks. Other retrieval-based methods
have proved to have an advantage of obtaining knowledge for language generation tasks that the model has no in its
parameters (Guu et al., 2020). In a situation like this, it is a great advantage to have this ability since the policies, staff
rules, work processes, technical procedures, and standard operating procedures of the organisation can be modified
independent of a particular language model. Instead of having to retrain the model each time organisational knowledge
needs updating, information stored externally can be modified, and relevant data retrieved automatically when
necessary.

Though RAG improves factual grounding, the system can rely heavily on accurate and relevant retrieval.
Traditionally, a RAG pipeline takes the original query and tries to match semantically similar content based on the
original text’s embeddings and its vector database representation. While this works well for simple and well-
formulated questions, customer support queries are often informal, fragmented, complex, emotional, or vague. It's
common for users to be informal, express frustration, uncertainty, or describe something using words and phrasing
quite different from the organization's documents. This means two inquiries with very similar phrasing might be
referring to completely different procedures, and conversely, the same intent could be described with radically
different wording. Simply retrieving content based on Thera query could surface content that's topically relevant, but
procedurally inappropriate. Therefore, the need arises for something that can find user's underlying intent prior to
information retrieval.

An Intent-Guided RAG system solves this issue by adding an additional Intent-Routing layer to the
existing RAG frame work: User Query — Intent-Routing — Information Retrieval (RAG). Instead of using
Thera query, an intent router takes the query and converts it into a formal structured representation of the
underlying user information need. This representation can then be used to inform the retrieval phase and direct
the retrieval system towards the correct policy, SOP or knowledge domain. This becomes particularly pertinent
in customer support, given how often different organizational documents may use overlapping terminology
whilst differing in procedures, eligibility criteria, escalation paths or solutions. An explicit intent identification
layer could thus provide the necessary signal for discriminating between those seemingly similar but

fundamentally different requests.

Effective implementation of an intent-router does not necessarily demand the complete fine-tuning of a large
model. Parameter-Efficient Fine-Tuning (PEFT) techniques offer an efficient alternative for fine-tuning a large
language model (LLM) onto a narrow, specialised task without full model retraining. InLow-Rank Adaptation (LoRA)
(Hu et al., 2022), for example, trained low-rank matrices are appended to certain existing transformer layers while
most of the original LLM weights are frozen; this significantly reduces the number of trainable parameters. Lora
(Dettmers et al., 2023) further optimises this approach by quantising the models used in conjunction with LoRA
adaptation, enabling an efficient fine-tuning of LLMs for targeted applications even when computational resources
are limited. These models are especially well-suited for tasks that require a narrow classification, or a structured
prediction task targeting a limited behavioral capability. The present study, therefore, introduces an Intent-Guided
Retrieval-Augmented Generation system with LoRA-based intent routing to facilitate domain-specific customer-
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support response generation. The designed architecture leverages the complementary benefits of retrieval grounding
and parameter-efficient task adaptation. The user's query is first fed into a LoRA-adapted intent router that
disambiguates and classifies the utterance with the most pertinent support intent and generates a structured prediction.

The identified intent is then used to assist in the retrieval stage where relevant organisational documents/SOP
paragraphs are identified. Finally, these documents serve as context to the language model, which subsequently
generates the response to the customer's query. RAG here addresses the challenge of providing access to authoritative
and updated organizational knowledge whereas LoRA-based intent routing addresses how this query is structured to
aid query to document retrieval under the challenge of noisy and ambiguous queries. The Proposed Frame work is
evaluated by comparing three models in an isolated manner: - An ungrounded Baseline, Naive RAG and Hybrid
Intent-Guided RAG to individually establish the effect of retrieval grounding versus additional benefit of intent-guided
routing. The generated responses are measured by Rouge-1 , Rouge-L , Bleau score and the intermediate routing
component is evaluated by exact and fuzzy match accuracy and format compliance metric.

The dual aspect evaluation of responses and routing quality of both helps establishing the framework. The core
rationale of this paper is that retrieval provides information needed to form responses that are authoritative and intent-
routing aids in selecting information for retrieval, while using lean LoRA-based adaptivity for both intent selection
and the main generation process. This approach to be explored contributes to retrieval augmented generation,
parameter efficient fine tuning and intent-aware retrieving for building customer supported chatbot in domain specific
areas.

1.2 Why the Problem Matters

A naive semantic retriever will simply embed the customer message directly and find the nearest policy chunk
against that embeddign via a vector store query. This performs well if a query has surface surface structure aligned
with underlying intent but the typical customer message often contains noise — hedging (“I guess”, “maybe”),
negations (“still hasn’t arrived”, “can’t access”), and negative terms (“again”, “wrong”, “terrible”) that all contribute
to embedding and may cause it to be dragged away from the correct policy into related but not equivalent document
sections. If the policy retrieval step can’t successfully retrieve the underlying intent from the messy input, then the
rest of the system might well be perfectly grounded on bad input. The retrieval step itself is therefore the bottleneck
for some percentage of real-world queries and, for that reason, an additional upstream step is desirable — intent-

normalization.

1.3 Limitations of Conventional Approaches

Purely parametric LLMs: Fluency and policy accuracy outstrip grounded knowledge; policy elements are
decoupled from model training data and can only be updated through model retraining.

Rule-based or keyword-matching support bots: Predictable but brittle, fail on paraphrased, sarcastic or multi-
intent queries, still need manual maintenance of rules.

Naive semantic search alone: Enhances grounding, but accuracy of retrieval deteriorates if the embedding is
skewed, primarily due to the noise, hedging, or sentiment signals instead of the intent which prevails in actual customer
messages.

1.4 Contributions
This paper makes the following contributions:

An end-to-end, reproducible pipeline that takes raw Bitext customer-interaction records and hand-authored,
thirteen-document SOP knowledge base, and processes it via cleaning, deduplication, stratified partitioning, chunking,
embedding, indexing, LoRA fine-tuning, and controlled, comparative evaluation.

A naive, Retrieval-Augmented Generation (RAG) pipeline (Solution V1) over the SOP corpus; uses sentence-
transformers/all-MiniLM-L6-v2 embeddings indexed into ChromaDB; a system that stands on its own as a retrieval
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evaluation mechanism, allowing the experimenter to control for all other factors when analyzing retrieval
performance.

A LoRA fine-tuned structured intent router (Solution V2); it transforms noisy customer-level queries into strict
JSON intent/category objects and then uses the resulting JSON object to construct targeted retrieval queries. In this
pipeline, Solution V2's only difference compared to Solution V1's architecture is an appended retrieval system and
the integration of an unmodified Solution V1 retrieval stage.

A controlled, three-way comparative evaluation of the Baseline, Solution V1 and Solution V2 across both
identical held-out, and adversarial test splits (containing only utterances bearing a certain amount of hedging and
frustration language) according to ROUGE-1/ROUGE-L scores, BLEU scores, Format Adherence, and Exact/Fuzzy-
Match intent accuracy.

A data-leakage safe design; uses normalization based deduping followed by partitioning and employs set
intersection checks to ensure no duplicate prompts are present within any partition.

The work is not intended to be a new retrieval algorithm, new fine tuning approach, or new base LLM
architecture; the authors do not claim to obtain state of the art results against existing benchmarks. However, they
present a solid, reproducible, and isolated experimental framework which measures the separate and combined impact
of retrieval and fine-tuning over a realistic end-user customer support task.

1.5 Paper Organisation

In Section 2, we cover literature in retrieval-augmented generation (RAG), parameter-efficient fine-tuning,
sentences embeddings, factuality of generation and intent classification. In Section 3, we formalise the problem setting.
In Section 4, we introduce the proposed Intent-Guided RAG framework. In Section 5, we characterize the dataset used
and detail initial exploratory analysis performed which guided pipeline design. In Section 6, we document process for
each part of the pipeline, including LoRA configuration and training dynamics. In Section 7, we specify experimental
settings and evaluation approach. In Section 8 we report quantitative results. In Section 9, we analyze result and
explain observed trend as well as document the issues found and fixes in methodological execution along the
development. In Section 10, we summarize our limitations, and in Section 11 we provide outline of future research.

2. Related Work

2.1 Retrieval-Augmented Generation

Lewis et al. (2020) proposed RAG (Retrieval-Augmented Generation) as a general-purpose fine-tuning recipe
that couples a parametric generator with a differentiable non-parametric memory in the form of a dense vector index.
They showed that RAG improves upon entirely parametric seq2seq baselines in knowledge-intensiveQA tasks and is
significantly more faithful by producing more specific language. Closely related work, such as REALM (Guu et al.,
2020), injects a learned retriever at training time so the LM can learn to retrieve and attend over external text to answer
downstream questions. Recent surveys (Gao et al., 2023) show a swift evolution of RAG configurations - including
naive, advanced, and modular varieties -and establish retrieval quality, not generation quality,as the major bottleneck
with a decent baseline generator. This motivates us to focus on creating a better query for retrieval and not replace the
generator.

2.2 Parameter-Efficient Fine-Tuning: LoRA and QLoRA

Full fine-tuning of an up-to-date instruction-tuned LLM is economically out of range for a specific narrow,
single purpose adaptation task. Instead, Low-Rank Adaptation (LoRA) (Hu et al., 2022) locks the weight matrices of
pre-trained models and inserts a pair of small low-rank decomposition matrices into certain linear layers in the self-
attention module of selected layers — these are only trainable weights. This makes it possible to achieve comparable
effectiveness of full tuning in numerous tasks with dramatically lower trainable parameters. QLoRA (Dettmers et al.,
2023) optimizes LoRA by quantizing the fixed base model to 4 bits with Normal Float (NF4), dual quantizing the
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quantisation factors, adding paged optimisers, which altogether renders the process available for personal machines
or free Google-provided virtual machines (Colab / Kaggle). This entire area of study is summarised in Ding et al.
(2023) under the banner of “delta-tuning” where they put LoRA and its variations into context among adapters,
prompts and prefixes. In this project we use LoRA over 4-bits-quantized (NF4) Llama-3-8B-Instruct adapted for the
very specialized task of structured intent extraction - based on the work mentioned earlier which shows even a few
million trainable parameters are enough for such specific tasks.

2.3 Sentence Embeddings and Dense Retrieval

Dense retrieval relies on an embedding model to encode semantically similar text close in vector space.
Sentence-BERT (Reimers & Gurevych, 2019) proposes a Siamese/ triplet fine-tuning objective over BERT style
encoders aiming for sentence level embeddings that are comparable using cosine similarity instead of the quadratic-
cost cross-encoding required by standard BERT, dropping similarity search compute for large amounts of text from
tens of hours to seconds, while maintaining excellent performance on semantic textual similarity datasets. Our compact
model, all-MiniLM-L6-v2, is a descendant from this line and is popular in production systems of RAG for the simple
fact that it is the one with better balance between accuracy and inference speed for top-k similarity search of a small
corpus.

2.4 Hallucination in Language Generation

Ji et al. (2023) present a survey on hallucination in natural language generation and discriminate intrinsic (the
factual contents presented by the model directly conflict the sources) and extrinsic (content of the model is
unsubstantiated and can't be verified by the sources) hallucination. As survey reports, hallucination is a commonly
failure in summarisation, generation of dialogues, generative questions answering and grounded generation (referring
to the retrieved factual contents which are verifiable) has shown to be among the most robust failure mode across
these tasks, thus justifies Hallucination-adjacent grounding metrics- ROUGE and BLEU overlap compared to SOP-
grounded references plus qualitative analysis as the major method used in this paper to determine whether retrieval
and intent- guided routing can actually address factuality, instead of relying solely on model's self-evaluation or
unshaped human evaluation.

2.5 Intent Classification in Task-Oriented Dialogue

The task of structured intent extraction is well established and widely used throughout the history of task-
oriented spoken-language understanding. Among many prior results, Chen et al. (2019) was able to show that
performing co-trained fine-tuning of BERT across intent classification and slot filling yields significant gains to both
intent-classification accuracy and sentence-level semantic-frame accuracy over prior recurrent attentive-based
approaches on two popular intent detection benchmark datasets (ATIS and Snips). Our approach uses a specific
instance of this general concept — specialized, jointly trained, model for the sole task of generating a clean, structured
semantic representation of user intent, but to a generative, decoder-only LLM by use of LoRA, integrated with an
external retrieve search action, rather than a structured-fill approach inherent in slot filling approaches. This integration
with a retrieval search rather than an in-pipeline fill is one of the particular adaptations this work provides relative to
many works within the intent detection literature during the classification-based era.

2.6 Evaluation Metrics for Grounded Generation

Two common automated metrics reported to compare generated text with respect to a gold standard are BLEU
(Papineni et al., 2002) and ROUGE (Lin, 2004), with the former being an n-gram overlap focusing on precision and
introduced with machine translation, and the latter (in particular ROUGE-1 and ROUGE-L, related to unigram overlap
and longest-common-subsequence overlap) more common for summarization and open-ended generation. Since both
are indirect measures based on lexical overlap, and not direct measures of factuality, we follow common RAG practice,
report them along with other (task specific) measures (Format Adherence, Exact Match, Fuzzy Match for the
structured intent-routing) and don't use them as single measures.
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Compared with these literature, the presented paper introduces no new retrieval algorithm nor new parameter
efficient fine-tuning procedure, no new base models either. We show a controlled combination and comparison of a
well known retrieval pipeline (Lewis et al., 2020; Reimers & Gurevych, 2019) and a well known PEFT procedure (Hu
et al., 2022; Dettmers et al., 2023) on a narrow, well-defined intent-routing subtask, in the particular context of
customer support, all assessed under a same fixed protocol applied in the same way for the 3 systems, so that any
increase should be due to the method tested and not to some modified condition of evaluation.

3. Problem Statement

The current problem involves taking an unstructured customer support question and a collection of previously
written corporate documents and utilising them to generate a response that (a) accurately identifies the customer's goal
and the type of question asked, (b) is backed up by the firm's actual policy instead of data collected by the system, and
(c) yields the same result regardless of how the question is rephrased.

3.1 Input and Desired Output

Input: The problem being a raw customer support query (free-text which could be messy, ambiguous, or
sarcastic, or use hedging). Knowledge base = Corporated SOP Markdown docs. Topics: account recovery, billing
dispute, data privacy, escalation, order tracking, password reset, payment method, product return, refund, shipping
delays, subscription cancellation, technical troubleshooting, working hours.

Desired output: A structured JSON object containing the identified intent and category (rated on Format
Adherence and Intent Accuracy), and a natural language response that uses retrieved SOP content (rated on the lexical
alignment with SOP-grounded reference using ROUGE/BLEU).

3.2 Existing Limitations

The non- grounded generation can not assure relevance with real company policy.

Naive similarity search uses the full raw query as the retrieve signal, and is sensitive to noise, sentiment and
surface phrasing rather than the original query intent.

Both alone, do not produce a machine-consumable, structured form of query intent that can be passed to
downstream applications like ticketing, routing and analytics.

3.3 Technical Challenges

The task of cleaning and de-duplicating a real-world instruction set, while maintaining balance across partitions
by instruction-class.

Chunking heterogeneous SOP Markdowns into retrievals which are neither so large that additional, nonrelevant
text addsnoise,nor so small that exceptions and conditions drift away from their conditions.

Training a parameter-efficient adapter that outputs well-formed JSON within the bounds of constrained, low-
bit-quantized, single GPU compute, and using its output directly in an existing retrieval interface without modifying
the retrieval procedure.

Creating a hold-out split evaluation setting that provides identical and fair evaluation between the three systems,
along with an adversarial subset.

4. Proposed System: Intent-Guided RAG with LoRA-Based Intent Routing

The system described below is called in all instances after Solution V2 or Hybrid RAG. It is defined as 3
successively improved systems that are judged using exactly the same procedure, so as to measure the utility of each
one of them:
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Baseline: Unmodified trained Llama-3-8B-Instruct creates a response based directly off of customer prompt
with none of the context added via RAG and with no fine-tuning.

Solution V1 (Naive RAG): This raw customer query is encoded using sentence-transformers/all-MiniLM-L6-
v2 and used to fetch the best matching SOP document (k = 1) out of the thirteen corporate policy documents that
constitute the ChromaDB index and this retrieved SOP document is appended to the prompt.

Solution V2 (Hybrid, Intent-Guided RAG): V2: Lora-fine-tuned Llama-3-8B-Instruct intent router First
translates the raw query string into a structured intent representation (JSON including Intent/Category), which then
goes into mapping to a subject topic relevant retrieval string, feeding the same ChromaDB retrieval step as in V1, then
feeds the same generation engine and decoding strategy as Baseline/V1.

This was by design, because with all modules after retrieval being fixed across V1 and V2 (embedding model,
vector index, context assembly, prompt formulation and the generation model), the measured difference between V1
and V2 must be due to the quality of the retrieval query generated by the fine-tuned intent router.

V2: intent-guided route

Llama 3
generator
LoRA/QLoRA
intent router
USON) \
Customer Targeted retrieval ChromaDB Top-k
query query vector| index SOP chunks
Naive query

(raw text)

Grounded
response

V1: raw-query route

Figure 1. Intent-guided RAG architecture.
4.2 Component Overview

4.2.1 Generation and Routing Model -- Llama-3-8B-Instruct

In this setup, Llama 3 (Grattafiori et al., 2024) is used for both the generation and intent routing models, with
the latter acting as a fine-tuned adaptor. Compatible with both prompt-based RAG and parameter-efficient adapter-
fine tuning using the PEFT library, Llama 3 models are open-weight, instruction-tuned, decoder-only Transformers.
Specifically, a single Tesla T4 GPU is used to fine-tune 8 billion Meta-Llama-3-8B-Instruct parameters (as loaded
using Nous Research/Meta-Llama-3-8B-Instruct tokenizer/weights, guaranteeing repeatability).

4.2.2 Embedding Model -- sentence-transformers/all-MiniL M-L6-v2

This lightweight (Reimers & Gurevych, 2019) sent-embedding model, available in Python through the Hugging
Face Embeddings library, encodes text into a dense, fixed-sizevectorspace with the characteristic property that two
sentences are similar if their embeddings are close to each other in cosine space. The same model is applied to both
SOP chunk indexing and the query encoding step: (otherwise the embedding comparison is not meaningful and you'd
be mixing representations computed with different models).
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4.2.3 Vector Store -- ChromaDB

ChromaDB can be used to store dense chunk embeddings, their associated metadata (source document, chunk
number in doc) and provide rapid approximate nearest neighbour similarity search enabling us to fetch the "most
relevant" SOP chunk for a particular query embedding linearly without scanning.

4.2.4 Intent Router -- LoRA-Adapted Llama-3-8B-Instruct

The intent router is a LoORA adapter (rank r = 16, alpha = 32, targetting the qproj and vproj attention projections,
dropout 0.05) trained on the top of the 4 bit-quantised base model. Its single-purpose is very limited: transforming the
raw user request to a json object labeling its intent and category. The resulting structured object is then only used to
generate a vector search string targeting specific domains; it does not overwrite/bypass any part of retrieval or
generation models.

4.3 Retrieval Mechanism, Context Augmentation, and Prompt Construction

Retrieval mechanism This process uses a very naive (not re-ranked) top-k similarity search to obtain the best
k=1 scored chunk from ChromaDB index directly. Context augmentation combines the retrieved passage into a single
chunk for grounding and prompt construction includes the customer query along with the context block and
instructions for generating a response only using the context and for not making claims about details that were not
found in it. This constitutes the fundamental way in which RAG is hypothesized to decrease hallucination versus the
baseline - it requires the model to answer question based on retrieved and verifiable text.

4.4 Fine-Tuning Integration

The fine-tune stage is integrated as an upstream pre-processing layer rather than a replacement to some section
of the RAG pipeline itself. So, in V2, the LoRA-trained router transforms the original customers' query into a typed
JSON object representing the intent/category, converts such structured JSON object to string representation of search
criteria (e.g. Map an extracted refund-type delay into "refund & shipping SOP string") then send it to unmodified
Solution V1 retrieval mechanism (which remains the same embedding model, ChromaDB index, same chunking and
prompt mechanism as Solution V1). This architecture also let us claim that "this chunk retrieval enhancement is
specifically owed to the fine-tuned router, since the rest of the pipelines are identical".

5. Dataset and Exploratory Data Analysis

5.1 Data Sources

We developed the customer-support chatbots by drawing from two data sources: [1] the Bitext customer-
support LLM chatbot training data (Bitext Innovations, 2023), an open-source instruction dataset for twenty-seven
distinct customer support intents categorized into eleven intent groups (for example, ORDER, REFUND, and
ACCOUNT) and with instruction, intent, category and reference response keys and [2] an internally drafted corporate
SOP knowledge base of thirteen markdown documents representing account recovery, billing disputes, data privacy,
escalation procedures, order information, password reset and updates, payment methods, returns, refunds, shipping
delays, subscription cancellation, troubleshooting procedures and operating hours.

5.2 Dataset Characteristics

This “full” Bitext dataset has 26,872 instruction-intent-category-response entries split amongst 27 distinct
intents and 11 distinct categories. Similar to common practice under constrained compute limits, we randomly (under
strata, random_state=42) sub-sampled down to 4000 entries (avg of approx. 148 entries per intent). After searching
the rows for nulls we confirmed that we have absolutely no missing data in any of the fields flag, instruction, category,
intent, and response. Because near duplicate instructions (ie. Differing only by casing and spacing like “Where is my
order?” vs “where is my order?”), standard exact-match de-duplication isn’t adequate for this dataset so, after de-
duplicating using normalized instructions (lower-cased, whitespace-stripped, pre-splitting), we’ve removed 98 of
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these rows yielding a cleaned-down data sample of 3902 entries. Examining label frequency at the intent level
indicates no immediate concern with a severe imbalance-bias problem: the largest single label frequency category,
review, occurs only on 4.3% of the cleaned data and, consequently, is relatively well-balanced which bodes well for
a stratified splitting approach.

5.3 SOP Corpus Analysis

The TF-IDF vectorisation of the thirteen SOP documents (having filtered out stop words) yielded a 13
(documents)x 797 (terms) term-document matrix representing the 13 documents over 797 unique terms. Pairwise
cosine similarity between each pair of SOP documents was computed with the goal of identifying redundant or
conflicting policy statements which could create an ambiguous search scenario. With nearly every pairing appearing
below 0.3, the similarity matrix demonstrated little general cross-document overlaps but did display a reasonable
similarity value between account\recovery and password\reset of 0.42 (as might be expected given the nature of these
SOP documents) as well as similarities between payment\methods, refund\policy and billing\ disputes within a range
0f 0.26 to 0.28, these again indicate reasonable similarity and not actual policy text redundancy or overlap. There was
no pair that passed a similarity threshold of 0.5 or greater which would flag it as a document pair that must be restudied
and potentially restructured before chunking, thereby validating the decision to implement wholesale documents
retrieval (k=1) in this use case instead of chunking on a finer level due to an overwhelming degree of policy text
overlap or conflicting statements between SOP articles.

Table 1. Summary statistics from Stage-1 exploratory data analysis and Stage-2 data preparation.

Statistic Value
Original Bitext dataset size 26,872 rows
Unique intents / categories 27/ 11
Stratified sample size 4,000 rows (random_state = 42)
Average examples per intent (sampled) ~ 148.1
Null values found 0 (across all fields)
Near-duplicate rows removed (normalised dedup) 98
Final cleaned sample size 3,902 rows
Most frequent intent / share of sample review / 4.3%
Corporate SOP documents 13
TF-IDF matrix shape (documents x terms) 13 x 797
Held-out test split (Stage 2 partitioning) 391 rows, stratified by intent

5.4 Data Preparation and Leakage Control

After performing EDA on the cleaned data, the sample was converted into ChatML format instruction examples
with rigid JSON targets and tokenized with label masking. Label masking ensured that only the target JSON range
was used to calculate loss (tokens which were not part of the target range were masked with -100). The sample was
then split into training, validation and test sets by using stratified sampling on intent. Data leakage was checked by
programmatically confirming (using set-intersection checks) that no prompt existed in more than one of the training,
validation and test partitions and that the three partitions were statistically independent of each other prior to model
training. The generated held-out test set available for final evaluation purposes also has 391 examples, stratified by
intent, with no confirmed overlap with training and validation partitions.

6. Methodology
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Our procedure uses a modular build-up, based on evaluation: We train a baseline without grounding, retrieve
and add to the baseline to see how much effect retrieval alone provides, and we finally fine-tune with retrieval on top
and look at the incremental effect. Everything is evaluated on the sameheld out data with the same deterministic
decoding settings (do_sample = False, temperature = 0) so we know exactly what effect each component adds, without
influencing other aspects of our experiment.

6.1 Stage 1 -- Baseline Model

Baseline Set with Unmodified Llama-3-8B-Instruct The base output from the raw Llama-3-8B-Instruct model
exposed via Ollama (Q4 quantification). Model responses were generated based on the raw customer inputs and no
prior retrieved context, no fine tuning. To ensure the responses are reproducible runs are deterministic
temperature=0,topp=1, fixedseed). The goal here is to have a pre and post number to benchmark any further research
work.

6.2 Stage 2 -- RAG Implementation (Solution V1)

The document ingestion pipeline is responsible for parsing the thirteen SOP documents and embedding each
with sentence-transformers/all-MiniLM-L6-v2 before indexing them into ChromaDB, which we verify is built
correctly by ensuring similar documents retrieve one another. For inference time, the same embedding model can be
used to generate embeddings for the raw customer query. Similarity search against ChromaDB returns the most
relevant document (k = 1) and this document, along with the user query and the instruction prompt to generate the
final response are combined. In the strictest sense, retrieval is primitive in the sense that the similarity search takes the
raw query from the user as input-there is no intent identification layer before query-time retrieval, which is the flaw
that the fine-tuning from Stage 3 is specifically geared towards correcting.

6.3 Stage 3 -- LoRA Intent-Router Fine-Tuning

In this stage we configure and run parameter efficient fine tuning of the base model for the task of structured
intent extraction. A 4-bit NF4 quantisation config (double quantisation, bfloat16 compute dtype) is applied to the
Meta-Llama-3-8B-Instruct using BitsAndBytesConfig and the quantised model is made ready for k-bit training. We
then apply a LoRA config (with target attention projections qproj, vproj, rank r = 16, alpha = 32, dropout = 0.05, bias
= none) using the PEFT library, resulting in 6,815,744 trained parameters out of total of 8,037,076,992 parameters
(trainable parameter fraction: 0.0848%).

We train on the label-masked ChatML-formatted instruction data from Stage 2 with AdamW (Ir=210) at batch
size 2 with a gradient accumulation of 2 (effective batch size=4) for a maximum of 500 steps, which is roughly 64%
of one epoch across the ~3128 training rows (we observe 1561 batches per epoch with bz=2) . Validation loss is
calculated on the validation loader every 10 steps and we apply early stopping on validation loss with patience=3 non-
improving checks. We store the best checkpoint in terms of validation loss (not the loss of the last step).

The model was trained using one Kaggle Tesla T4 GPU, using the same random seed (42) throughout. The
training was well and early stopped: validation loss was monotonically decreasing from 2.5917 at step 10 to 0.7034
where the training was stopped, for a final training step of 310 (not the specified max 500) triggered because validation
loss has not decreased for the past 3 validation checks. Total wall-clock time for this run was ~4,824s (~ 80 mins).
Table 2 shows the loss trend during the run for selected checkpoints.

Table 2. Representative train/validation loss trajectory during LoRA fine-tuning of the intent router (full
log: 310 rows in training _log.csv, validated every 10 steps).

Step Train Loss Val Loss New Best?
10 2.7017 2.5917 Yes
30 1.7875 1.8674 Yes
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60 1.5325 1.5534 Yes
100 1.0753 1.2100 Yes
150 0.9770 0.8564 Yes
170 0.6448 0.8227 Yes
310 (early-stopped, best) — 0.7034 Best checkpoint retained
Table 3. LoRA fine-tuning configuration and reproducibility information (from reproducibility info. json).
Parameter Value
Base model meta-llama/Meta-Llama-3-8B-Instruct (NousResearch
tokenizer/weights)
Adaptation method LoRA (r = 16, alpha = 32; target modules: q_proj,
v_proj; dropout = 0.05)
Trainable parameters 6,815,744 of 8,037,076,992 total (0.0848%)
Quantisation 4-bit NF4, double quantisation, bfloat16 compute
Optimizer AdamW, learning rate = 2x107#, constant schedule
Effective batch size 4 (batch = 2, gradient accumulation = 2)
Configured / actual training steps 500 (max) / 310 (early-stopped)
Validation cadence / patience every 10 steps / patience = 3
Best validation loss 0.7034
Training environment Kaggle, single Tesla T4 GPU
Total training time ~ 4,824 s (~ 80 minutes)
Random seed 42

6.4 Stage 4 -- Fine-Tuned RAG (Solution V2)

Instead of swapping the architecture out entirely, Solution V2 leverages fine-tuned LoRA adapter on top of the
Solution V1 pipeline as an intent-routing pre-processing component. The fine-tuned model transforms raw customer
query into intent and category JSON object, which we map to some specific focused vector search string then feed
this string to the un-changed Solution V1 retrieval procedure. Both ends were confirmed by the integrated system
before assessment, ensuring the router output is parsable as json and effectively drives the retrieval.

7. Experimental Setup and Evaluation Protocol

7.1 Systems Compared
Baseline -- Llama-3-8B-Instruct via Ollama, Q4 quantisation, no retrieval context, deterministic decoding.

Solution V1 (Naive RAG) -- raw query embedded with all-MiniLM-L6-v2, top-1 SOP document retrieved from
a ChromaDB index of 13 policy documents, retrieved text appended to the prompt.

Solution V2 (Hybrid, Intent-Guided RAG) -- LoRA fine-tuned intent router extracts structured JSON intent,
mapped to a topic-specific retrieval string driving the same ChromaDB retrieval step used in V1; final generation uses
the same engine and settings as Baseline and V1.

7.2 Evaluation Data
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In order to carry out the evaluation, a held-out, stratified test set that was equally distributed among all of the
participants and contained 391 data was employed.For instance, we have made certain that all of the systems have an
equal distribution, and we have prohibited any of the systems from leaking any data that they have seen previously
during the test. This means that there are no actual overlaps with the train-valid sets. Additionally, the held-out test
set was divided into a completely hostile subset, and with the help of regex, words that had a potentially unpleasant
characteristic of speech were heuristically filtered away. This was done in order to ensure that the test set was
completely different from the original. Negations, hedging language, and expressions of displeasure (such as "again,"
"cannot," "issue," "problem," and "wrong") are examples of phrases that fall into this category. On the basis of the test
set, a subset consisting of fifty records was chosen at random (random_state=42) for the purpose of carrying out the
comprehensive system comparison that is detailed in Section 8. For the purpose of determining the router's resistance,
an extra twenty-four records, which together make up an adversarial subset, have been selected from the tests that
have been held back.

7.3 Metrics

Table 4. Evaluation metrics used across all three systems.

Metric

What It Measures

Why It Is Relevant

Format Adherence Rate (%)

Whether the router's JSON output
is syntactically valid.

A structured object that fails to
parse cannot drive downstream
retrieval or ticketing; this gates
whether router output is usable at
all.

Exact / Fuzzy Match (%)

Exact-match and fuzzy-match
accuracy of the extracted intent
against the labelled Bitext target.

Measures whether fine-tuning
succeeded at its specific task of
structured intent extraction.

ROUGE-1/ROUGE-L

Unigram and longest-common-
subsequence overlap between the
generated response and an SOP-

grounded reference answer.

A proxy for how closely the
generated response's content
matches an authoritative, policy-
correct answer.

BLEU

Precision-oriented n-gram overlap
with the reference answer.

A complementary lexical-similarity
signal alongside ROUGE, standard
in generation evaluation.

7.4 Comparison Methodology

Baseline vs Solution V1: isolates the effect of adding retrieval, holding the base model and evaluation set fixed.

Solution V1 vs Solution V2: isolates the effect of adding the fine-tuned intent router on top of retrieval, holding
the retrieval architecture and evaluation set fixed.

Baseline vs Solution V2: reports the combined, end-to-end effect of both techniques together.

Held-out split vs adversarial subset: tests specifically whether performance degrades on noisy or sentiment-
heavy queries, and whether fine-tuning narrows that gap relative to naive retrieval.

8. Results

8.1 Final Comparative Summary

Tabular representation of the final comparison analysis may be seen in Table 5. This assessment was carried
out on a random sample of fifty records from the held-out test split (random_state = 42), with all three systems using
the identical answer-generation settings. The random sample was chosen at random.
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Table 5. Comparative ROUGE-1, ROUGE-L, and BLEU scores for Baseline, Naive RAG, and Hybrid RAG
(n =50, held-out test spli).

System ROUGE-1 ROUGE-L BLEU

Baseline 0.2116 0.1089 0.0030

Naive RAG (Solution V1) 0.2779 0.1925 0.0328

Hybrid, Intent-Guided 0.2887 0.2014 0.0478
RAG (Solution V2)

0.354 EEE ROUGE-1
s ROUGE-L
0.30 1 I BLEU 0.2779 0.2887

0.25

0.20 4

Score

0.15 1

0.10 4

0.05 1

Baseline Naive RAG Hybrid, Intent-
(V1) Guided RAG (V2)

Figure 1. ROUGE-1, ROUGE-L, and BLEU by System (n = 50, held-out test split)

The ROUGE-1, ROUGE-L, and BLEU lexical-overlap measurements all show that the Baseline approach
obtains lower values than the other two alternatives. Its lower performance in comparison to those of other options
implies that generation without retrieval is not well linked with the replies that are most likely to be provided by
customer support. In the pipeline, the step-jump boost in performance that is achieved by providing retrieval in Naive
RAG (Solution V1) is by far the most significant.

The injection of pertinent documents from the SOP knowledgebase results in the generation of responses that
exhibit higher levels of text- and sequence-level similarity in comparison to gold-standard answers. This would
correspond to the significance of external knowledge grounding in the process of generating customer-support
responses for situations in which organisational policies and procedures dictate the answer.

Since this is the case, Hybrid, Intent-Guided RAG (Solution V2) ultimately displays higher results on all three
criteria. Given that it is superior than Naive RAG, it can be deduced that the extra LoRA-based intent-routing step
possesses additional value in addition to the raw question retrieval stage. Before the system is able to pose a more
refined inquiry, it must first recognise and frame the underlying customer intent. This allows the system to potentially
get more relevant standard operating procedure background. Therefore, our findings demonstrate that there is a gradual
enhancement throughout generational techniques, which may be classified as ungrounded generation, retrieval-
grounded generation, and intent-guided retrieval-grounded generation depending on their respective classifications.
In a summary, it would appear that intent-guided retrieval is able to enhance the generating outcomes more
considerably than basic retrieval. However, the lexical overlap measurements are not able to show the factuality or
demonstrate hallucination reduction merely by itself.

8.2 Improvement Attributable to Each Stage
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Table 6. Relative improvement attributable to retrieval alone, fine-tuned intent routing on top of
retrieval, and the combined effect.

Comparison ROUGE-1 ROUGE-L BLEU
Baseline — Naive RAG +31.4% +76.8% +1008%
(retrieval)
Naive RAG — Hybrid +3.9% +4.6% +45.4%
RAG (fine-tuning)
Baseline » Hybrid RAG +36.5% +85.0% +1511%
(combined)
ROUGE-1 / ROUGE-L BLEU {log scale)
+1511.0%
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Figure 2. Relative Improvement by Comparison Stage

The most significant portion of the total improvement in response quality can be ascribed to the retrieval
process. The difference between the ungrounded baseline and the Naive RAG (Solution V1) demonstrates a significant
improvement on all three measures: a gain of 31.3% on ROUGE-1 (0.2116 to 0.2779), a gain of 76.8% on ROUGE-
L (0.1089 to 0.1925), and a tenfold rise in BLEU (0.0030 to 0.0328). That the model is able to better root produced
replies with goal outputs in the customer-support domain is supported by this observed result, which is consistent with
the premise that the context is grounded in standard operating procedures. This considerable effect strength also lends
support to our argument concerning the major flaw of Baseline, which is a lack of task-specific grounding and the
possibility of lexical or factual drift rather than fluency in the language. The reason for this is because Baseline relies
only on internal characteristics, which may or may not be reflective of the organization.

The improvement from Solution V1 to Solution V2, which is the contribution of the fine-tuned intent router, is
significantly more mild on the ROUGE metrics as compared to the previous solution. 3.9% increase on ROUGE-1
(0.2779 to 0.2887) and 4.6% increase on ROUGE-L (0.1925 to 0.2014) are the results of the experiment. Having said
that, the constant improvement across both ROUGE measures lends credence to the value of fine-tuned intent router.
in the other hand, the rise in BLEU, which went from 0.0328 to 0.0478, is 45.7%, which indicates a more significant
impact on n-gram level accuracy. It may be deduced from this that the intent-guided routing appears to be more
successful in addressing the problems that arise when accurate and specific matches with retrieval results play a
significant role and the underlying standard operating procedure that is retrieved is largely irrelevant. This is something
that may occur when noisy customer inputs are present.
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Overall, the investigations show that there is a pattern of growth that occurs in two stages: The retrieval process
is responsible for the majority of the improvement; additional fine-tuning using a LoRA-based intent router permits
targeted improvements, particularly in n-gram-based fluency, with a relative impact on BLEU that is more large than
the impact on ROUGE measurements. These findings are consistent with the idea that the intent router makes it
possible to repair some retrieval failures by having the capability to deal with errors that are brought about by query
ambiguity or loud user inputs. Nevertheless, we acknowledge that this interpretation need to be seen as evidence-
supported rather than definitive reasoning for retrieval correction, and that it ought to be verified with more retrieval-
centric studies, if at all possible.

8.3 Router Evaluation

Separate evaluations were conducted on the whole held-out test sample and on the adversarial subset that
contained hedging, denial, or frustration-related words. The format adherence, exact-match, and fuzzy-match accuracy
of the fine-tuned intent router were examined individually.

Table 7. Fine-tuned intent-router performance on the full and adversarial evaluation subsets.

Subset n Format Adherence Exact Match Fuzzy Match
Full Test Set 50 100.0% 36.0% 42.0%
Adversarial Subset 24 100.0% 25.0% 45.8%
100.0% Lo0.0% B Format Adherence

100 - B Exact Match

W Fuzzy Match

80 1

60 1

Accuracy (%)

40 A

20 1

Full Test Set
(n = 50)

Adversarial Subset
(n =24)

Figure 3. Intent Router Performance: Full vs. Adversarial Subset

Furthermore, Format Adherence is able to attain a perfect score of one hundred percent on both conventional
and adversarial splits. This indicates that the intent router is able to generate outputs in the requisite parseable JSON
format on a consistent basis when it is exposed to inputs that contain a certain level of noise or concealing. In addition,
language that conveys displeasure is negative. As a result of valid structured output being the "low bar for entry" in

terms of integration into an automated retrieval pipeline, the optimal format adherence outcome is an essential
consideration.

A router that correctly anticipates the intended purpose but is unable to generate the parseable JSON that is
requested would continue to be a source of discomfort further down the line and would be prohibitively difficult to
employ as the foundation for retrievals. Therefore, a format adherence rate of one hundred percent on both subsets
indicates that the fine-tuned router has acquired the necessary output schema and is able to keep it even when it is
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exposed to a more hostile environment. The exact match performance of the router remains only moderate, ranging
from 25% to 36%, which implies that the router does not always provide the exact intended purpose label. This is
despite the fact that the router has a good performance on this structural measure. This constraint is made much clearer
when one applies a fuzzy metric for accuracy to the label that was anticipated. The fuzzy match performance ranges
from approximately 42.0% to 45.8%, which indicates that a significant portion of the predicted labels that were
incorrectly attributed to exact intent classification are semantically close to the label that was intended when the fuzzy
match was performed.

In actuality, this indicates that the intent router is able to recognise the overall operational environment, but it
also has the ability to anticipate a label that is specific to the intent. Consequently, the disparity in performance
between exact match and fuzzy match demonstrates the significance of assessing intent recognition on a number of
different aspects. The exact match accuracy is a measurement that determines whether or not an identical label was
created; nonetheless, it underestimates the actual utility of the router if it is one of the components of a retrieval
pipeline. In conclusion, the findings suggest that there is a significant signal for the dependable structural output of
router intent choices, as well as a modest measure of semantic correctness. Furthermore, it is recommended that fuzzy
and retrieval-level measurements be utilised in conjunction with exactmatch accuracy techniques.

9. Discussion

9.1 Interpretation of Results

The individual contributions to grounding and routing are discussed in 8.2.1 As seen in Sections 8.1 and 8.2,
retrieval grounding, which incorporates documentation that is particular to the organization, is the key contributor to
the overall performance gain of the system. Fine-tuning intent routing, on the other hand, provides an additional
performance boost, although a more specialised one.l More specifically, the Naive RAG model (big ROUGE-1,
ROUGE-L, and BLEU uplift) is preferred over the ungrounded Base model, which results in a considerable increase
in the overall performance of the system. The fact that this is the case shows that the 8-billion parameter, instruction
fine-tuned generation model of the Base model is typically powerful enough for general language production. When
it comes to the support environment of an organization, however, fluent replies that are generated without access to
specific rules, processes, and standard operating procedures are not sufficient. On account of this, the limitation of the
Base model for such a context was the absence of the organization's own knowledge, rather than the capacity to provide
generic information. It is the efficient retrieval of organisational information that is the source of the benefits that
Naive RAG features. This provides an explanation for the primary contribution that retrieval made to the optimisation
of the system as a whole.

In addition, we have noticed that the fine-tuning of purpose routing brings about further improvements in
comparison to Naive RAG, with consistent benefits across all of the metrics that are included. However, the
improvement that can be attributed to intent routing is not as significant as the initial benefit that may be attained by
retrieval. In light of this, it can be deduced that the purpose routing functions more as an optimisation over retrieval
than as a substitute for the fundamental information retrieval capabilities. A disproportionate amount of value appears
to accrue to those searches in which the straightforward direct ungrounded embedding retrieval may only produce a
document that is very broadly related but does not include the precise standard operating procedure and policy. The
fact that the BLEU metric improves proportionally more is a strong indicator that the routing helps identify not only
passages that are semantically related, but also those passages that are most relevant to obtaining the precise
information that is required for the expected answer output. This is in contrast to ROUGE-1, which measures single
word overlaps and generally benefits from both topical relevance and good phrase alignment.

For the sake of a brief summary, the suggested enhancements can be generally categorised into two main stages.
To begin, retrieval grounding is a process that roots the model with the unique context of the organization, which
ultimately results in significant gains in performance. By ensuring that the documents that are obtained are relevant
and precise at the query level, fine-tuned intent routing then serves to optimise the documents that are retrieved, which
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ultimately results in better aligned replies. The Hybrid, Intent-Guided RAG is an approach that has the potential to be
useful since it combines retrieval augmentation with selective query optimisation.

9.2 Debugging Findings and Methodological Corrections

Following the completion of a systematic debugging procedure, as well as methodological validation and the
correction of abnormalities that surfaced during the phases of development and assessment, the conclusive results that
are summarised in Table 5 were finally achieved. Due to the fact that these anomalies had a significant impact on the
results that were drawn from the comparison tests, it is absolutely necessary that they be documented. It was
determined through preliminary assessment that the fine-tuned intent-routing approach was functioning better than
the Naive RAG system. This evaluation was carried out at the beginning phases of the tests. It is possible that these
findings could have been considered conclusive without further investigation, which would have resulted in the
incorrect conclusion that intent routing was detrimental for response retrieval and generation. However, this
conclusion could only be reached after it was determined that the early discrepancies in experiment results were
partially due to evaluation and system integration confounds, as will be discussed in the following paragraphs.

During the process of debugging, there was a source of the difficulties that were detected, and that cause was
inconsistency in the application of response generating engines and decoding protocols throughout specific
intermediate trials. Variability in the system setup influenced their effect on the response generated, which resulted in
discrepancies between their lexical overlap scores and the corresponding ground truth responses. This was due to the
fact that modifications in the parameters set for decoding have a significant impact on both the choice of word and
overall syntax, which in turn alters sentence composition. Despite the fact that the content of the documents retrieved
by the system and user queries may have been consistent, the variance in the system setup was responsible for the
effect. Therefore, a direct comparison between two systems that were assessed using different generation configuration
protocols is not able to correctly reflect the function of either the routing component or the retrieval component.

A comprehensive overhaul of the experimental apparatus has been carried out as a solution to the problem. All
three systems, namely Baseline, Solution V1 (Naive RAG), and Solution V2 (Hybrid, Intent-Guided RAG), have been
tested by employing the same response generation engine that was mentioned before. Additionally, the decoding
methodologies that are given in Section 7.1 have been followed in the same manner. For the goal of ensuring that the
experiment as a whole is more reliable and consistent, all of the experiments have been carried out using the system
settings that have been described. These configurations include Ollama and Llama 3, with temperature set to zero,
top_p set to one, and seed set to a constant value. All of the variations in the replies can thus be traced completely to
the modifications that were made to either the routing or the retrieval approach after these settings have been applied.
After this modification had been made, the tests that had been carried out were re-executed using the identical
assessment technique that had been used previously. By comparing Table 5, which demonstrates that there was a
consistent and unequivocal ascent from the Baseline system to the Naive RAG to the Hybrid RAG for Rougel,
RougeL, and Bleu, it is possible to simply draw the conclusion that this particular progression occurred. As a
consequence, the experimental configuration that was ultimately chosen offers a more definitive experimental
framework for assessment than the preliminary ones, which produced contradictory results when compared.

The process for debugging and the findings offer light on the problem of experimental reproducibility and
validation in the field of machine learning and research and development for Retr-Aug Gen. It is possible for the
experiment to be significantly influenced by a variety of factors, including variations in the prompt, variations in the
model version, variations in the decode process, the seed that is utilised, and the retrieve circumstances. If none of
these factors are maintained as standards, it is possible that the differences in outcomes across techniques might be
misinterpreted. In our opinion, the initial regressing outcome that was indicated before provided a clear illustration of
this issue when we were carrying out the task.
It is for this reason that the utilisation of a single coherent evaluation mechanism that remains constant throughout the
execution of each experiment is a more reliable option. This is due to the fact that all experimental configurations,
procedures for testbed, answer generation protocols, and evaluation measurement systems that are utilised to evaluate
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each methodology that is being examined should, ideally, yield compatible conclusions when comparing different
systems. As a result, a more in-depth examination of the table reveals that it unequivocally demonstrates the increase
in all three Rouges that occurs with each addition to the baseline approach (retrieval, followed by purpose routing).

9.3 Error Analysis

In order to find forms of failures that were not completely exposed by the aggregate metrics alone, a qualitative
evaluation of both the output of the router and the answers made by humans was also carried out. The quantitative
evaluation does provide a summary appraisal of performance; however, it does not provide any hints as to why any
particular prediction is made wrong or how that inaccuracy may effect the retrieval and production process that occurs
further down the line. Within the scope of the qualitative analysis, two aspects of the router's predictions were
specifically investigated: the structure of these forecasts, as well as the characteristics of misclassifications.

The first observation that is worthy of remark is the discovery that the performance of Format Adherence was
100% for both the whole test and hostile test subsets. This indicates that the router created well-formed JSON in a
systematic manner, even when provided with inputs that were difficult to understand or intentionally meant to do
harm. Due to this rationale, it is highly improbable that problems in the JSON format and parsing led to the "remaining"
categorisation mistake that was reported in the evaluation summary. In light of the fact that the router output is intended
to function as a "machine-readable intermediate layer," this is an essential problem to consider while designing the
system. The fact that the router and the retrieval system have robust interfaces despite severe language variance is
proven by the high score for format adherence. It is suggested by the explanation that the distinction between the two
performance levels is the more significant problem that needs to be addressed.

The accuracy of the full test set was around ten percent different between the stringent and fuzzy matches (25
to 36 percent for the strict match and 42 to 45.8 percent for the fuzzy match). As a result, many outputs that have been
labelled "incorrectly" are not entirely irrelevant to the genuine intention that lies under the surface. Instead, it appears
that many of them are within the "neighbourhood" of the accurate prediction in terms of the semantic or operational
similarity they have with the proper standard operating procedure. This might comprise two distinct aspects of a same
standard operating procedure (SOP), two separate phases in a given operation, or various sorts of assistance requests
made by workers that are similar to one another. Furthermore, despite the fact that such inputs are given a poor grade
according to a rigid criterion, they frequently include information that will be slightly or very useful to the retrieval
process further down the line. It is very helpful to comprehend the impact of modifying the routing system once this
comparison is taken into consideration.

The results of the full test set demonstrate that tuning intent routing brings a moderate benefit to the overall
response of the system. Furthermore, the results also demonstrate where a significant portion of that benefit lies. The
error analyses highlight how improved performance of the router at the routing layer concentrates a moderate impact
rather than a uniform improvement throughout the performance of the entire system. The comparisons of the tests are
also extremely essential since the difference in precise performance on the entire and adversarial test sets provides
information that is meaningful. In the entire test setting, this figure was 36%, however on the hostile test set, it dropped
to 25%. Additionally, the value on the complete test setting was 36%. When adopting a variant of input queries with
increased complexity, the exact accuracy definitely declines, but at the same time, the fuzzy accuracy increases from
42 percent on the entire set to 45.8 percent on the adversarially constructed. The fact that variations such as hedging
or doubt, emotion-bearing and frustration-oriented language add to linguistic complexities and might potentially
distort the real procedure's aim is one possible explanation. It is therefore possible for the user to address the very
same issue, but it is possible for him to use language that are indirect, that make him feel some annoyance, or even
that communicate worries regarding many issues all at once.

It was possible for the router to correctly identify a generic subject, but it would assign it to a SOP index that
was similar to it rather than one that was identical to it. A behaviour like this would appear to be more compatible
with ambiguity or a lack of finer distinctions between existing related SOP types than it would be with a total routing
failure. As a result, the primary issue that the system that is currently being presented is facing is not the generation
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of JSON that is structurally sound or poor performance under diverse inputs. Rather, the primary issue is the ambiguity
that exists between entities that are similar, for which even very good performance is anticipated to yield, if nothing
else, relevant retrieval performance. Based on the fact that the format adherence tests were performed perfectly and
that the performance on a relaxed metric was significantly better, it appears that the mistakes are more frequently
located within connected regions rather than in parts that are wholly unrelated. Therefore, the next step in improving
this system should not consist of concentrating on any enhancements for the JSON creation. Instead, the focus should
be on defining key SOP categories and providing a variety of instances of ambivalent, multi-label, and frustration-
oriented enquiries in the process of fine-tuning the router.

9.4 Comparison to Related Work

According to the existing RAG research, the magnitude and type of the performance benefits that were
discovered in this investigation are mostly compatible with one another. This finding lends credence to the overarching
idea that grounding a powerful language model in the retrieved, authoritative information that is relevant to a domain
enhances the factualness and lexical coverage of its output. The largest substantial gain that was discovered was
between the ungrounded Base model and the Naive RAG. Lewis et al. (2020) initially proposed RAG as a system that
combines parametric language generation with non-parametric knowledge retrieval. They demonstrated how
retrieving knowledge that is relevant to a query could be more beneficial than simply relying on language model
parameters that encode world knowledge in a general sense. RAG was initially proposed as a system. Since then, more
research has reaffirmed the need of grounding a produced response in some external information when it is
appropriate. This may contribute to a reduction in the development of material that is either unsupported or over-
hallucinated in situations that require a significant amount of knowledge (Ji et al., 2023).

Rather than training data on the vast amount of general-purpose language, the case of the organisational support
environment that was studied here highlights this concept in a different way. The information that is most relevant to
a request is the information that is pertinent to our organization's procedures, policies, and standard operating
procedures (SOPs). As a result, the significant disparity between Baseline and Naive RAG highlights the significance
of gaining access to authoritative organisational content rather than merely increasing language generation capability
in general. This is of utmost importance in the context of support, where information that is fluently misinformed can
sometimes be just as detrimental as information that completely misses the point if the procedures that are provided
are not adhered to.

It is possible that the comparatively modest incremental benefit that results from precisely adjusted intent
routing is representative of the nature of parameter-efficient optimising: LoRA was initially developed by Hu et al.
(2022) as a technique for adapting large, pre-trained language models without modifying their entire set of parameters.
This was accomplished while adapting models in other ways (for example, in some way on specific tasks). Subsequent
works have further expanded on parameter-efficient tuning for large language models. This effort included the
modification of roughly 6.8 million parameters out of a total of around 8 billion parameters in the model. This is
approximately 0.0848% of the total parameters in the model, and it led to a statistically significant improvement in
downstream measures. If the task can be modelled within a specialised, limited space of parameters, then a big pre-
trained language model may be adapted to tasks without the whole parameter set being modified. This is consistent
with the research, which shows that this is possible. Due to the fact that the current study modelled an intent routing
job, which is by its very nature in a confined parameter space and has an operational purpose, it lends itself well to a
format that can be tuned effectively.

At the same time, the fact that a more modest enhancement was achieved by parameter-efficient tuning
demonstrates that it should not be confused with a replacement of the main RAG gain. In the context of open-ended
generation, access to organisational content continues to be the foundational component of an appropriate answer. On
the other hand, parameter-efficient tuning primarily assists by correctly navigating to the appropriate organisational
content through the routing mechanism. Rather than competing against one another, RAG and parameter-efficient
tuning complement and enhance each other. Overall, this work demonstrates that the findings of previous research are
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supported by experimental evidence and that it is beneficial to incorporate grounding with lightweight task-specific
intent tuning into an organisational support setting. It also demonstrates that significant improvement gains can be
achieved even without the need to fully fine-tune an 8-billion parameter model.

10. Limitations

Evaluation Scale: The controlled evaluation referred to in Section 8 was carried out on a sample consisting of
50 records out of 391 in the held-out part of the dataset (plus 24 samples belonging to the adversarial set), which is
important in terms of making comparisons in situations where monitoring of resources is important. However, it is
not enough for making claims about production readiness; results should be considered reliable, but not accurate
population estimates.

Retrieval depth: Retrieval is executed just for the single document that received the highest score (k = 1) instead
of the multi-passage context that is re-ranked and makes attribution of the V1 and V2 comparison easier but may
understate the upper limit of retrieval the advantages of which can be accessed with deeper retrieval.

Fine—tuning budget: The LoRA router model went through 310 steps out of total
500 configured ones (=~ 64% of 1 epoch on = 3,128 rows) before the stopping of training
processes and was trained on a single T4 CPU: it is clear that the increase of the
budget could change the magnitude of improvements introduced by V1 and V2 with the
expected results expected.

Base-model substitution risk: the proposal predicted that hardware limitations would lead us to substitute a
smaller instruction-tuned model for Llama-3-8B-Instruct; although this would not turn out to apply in the final
experiments reported here, the effect remains relevant and should be taken into account in case of further studies
conducted on lower-spec machines.

Lexical-overlap metrics as a hallucination proxy: ROUGE and BLEU metrics are not directly related to
factuality measures; nonetheless, they are commonly accepted as factually relevant proxies in academic studies (Ji et
al., 2023) providing one with a certain range of readings of factual correctness.

Constructing an adversarial subset: the adversarial subset is formed through regex filtering applying a set of
words that indicate hedging and frustration; the approach enables selecting interesting and useful examples of non-
standard usage of language but does not cover all the possibilities of ambiguous or sarcastic customer speech.

11. Conclusion

The proposal predicted that hardware limitations would lead us to substitute a smaller instruction-tuned model
for Llama-3-8B-Instruct; although this would not turn out to apply in the final experiments reported here, the effect
remains relevant and should be taken into account in case of further studies conducted on lower-spec machines.
Lexical-overlap metrics as a hallucination proxy: ROUGE and BLEU metrics are not directly related to factuality
measures; nonetheless, they are commonly accepted as factually relevant proxies in academic studies (Ji et al., 2023)
providing one with a certain range of readings of factual correctness. Constructing an adversarial subset: the
adversarial subset is formed through regex filtering applying a set of words that indicate hedging and frustration; the
approach enables selecting interesting and useful examples of non-standard usage of language but does not cover all
the possibilities of ambiguous or sarcastic customer speech. Future research might enhance this comparison through
multiple approaches: testing deeper, re-ranked retrieval systems (not just one document retrieval); refining the LoORA
routing mechanism to include more alternates — potentially checking if V1 and V2 continue to differ with more fine-
tuning coverage; challenging different subsets of queries to reach beyond keywords and include queries that Al
systems determine to be ambiguous or sarcastic; carrying out a more rigorous evaluation of hallucination and answer
correctness.
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